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Abstract

This paper proposes a method that utilizes machine learning techniques to predict rental car prices in the metaverse. The
primary objective of this paper is to predict rental car prices in a metaverse environment. To achieve this goal, we introduce a
prediction a method based on actual data provided by KAFLIX. Three experiments were conducted in total, employing various
machine learning methods including regression analysis and ensemble techniques. The aim was to investigate factors influencing
rental car prices, encompassing single-step forecasting, multi-step forecasting, and multi-step forecasting with application of BOHB,
an optimization algorithm, to enhance the accuracy of rental car price predictions. As a result of the experiment, it was concluded
that the previous rental car price and date information play crucial roles in predicting rental car prices. Simultaneously, the
effectiveness of utilizing this information for rental car price prediction was demonstrated. In the event that the rental car business
in the metaverse undergoes a development similar to that in reality, our research results are anticipated to offer valuable insights
into the rental car industry within this enviornment.
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Table 1. Result of single step forecasting
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Fig. 7. Multi-step forecast results predicting the rental car prices for 7,14,21, and 30 days ahead
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Fig. 8. Multi-step forecast results predicting the rental car prices for 7, 14, 21, and 30 days ahead, after conducting BOHB optimization
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